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• A survey methodologist, who defended his PhD last week and is currently 
working in a DFG-funded Research Project on Modular Questionnaire Designs 
and Multiple Imputation

• Research Interests:  Representation Bias in Surveys, 
    Survey Recruitment, 
    Nonprobability Surveys, 
    Modular Questionnaire Designs and Multiple 
    Imputations 

 

•Contact: bjoern.rohr@gesis.org

Björn Rohr
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What is SampcompR?



SampcompR
What is SamcompR?
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❖ SampcompR is an R-Package to estimate differences 
between samples (i.e., surveys and  benchmark 
(surveys)).

❖ Differences (e.g., bias) can be estimated on a 
univariate, bivariate, and multivariate level.

❖ Estimation can include weighting, bootstrap & 
Bonferroni adjustment

❖ Differences can be visualized in a plot or outputted 
as a table.

Authors: 
Björn Rohr (Bjoern.Rohr@gesis.org)
Barbara Felderer (Barbara.Felderer@gesis.org)



Selected Functions of SampcompR
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What is SamcompR?

❖uni_compare()

❖plot_uni_compare()

  

❖uni_compare_table()  

❖biv_compare() 

❖plot_biv_compare()  

❖biv_compare_table()

Univariate Functions Bivariate Functions

❖multi_compare()  

❖plot_multi_compare()

❖multi_compare_table() 
 

Multivariate Functions
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Example Data & Benchmark Data



Example Surveys
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Example Data & Benchmark Data

•Countries: Ghana (N = 494), Kenya (N = 2,552), South Africa (N = 275)

•Target Population: Every respondent between 18 - 65+ years, living in the 
chosen countries

•Method: Gathered with Facebook ads using 5 different pictures

•Field Period: 3 weeks (Wednesday - Friday) between 
15.02.2023 - 03.03.2023

•Budget: 168 € per day, country, and targeting strategy

•Incentives: Lottery for 2x 5GB mobile data per country.

African Health Surveys (AHS)



Benchmark Survey
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Example Data & Benchmark Data

Cross-National probability survey in Ghana (N = 7,863), Kenya (N = 
24,003), and South Africa (N = 6,708), among other countries

Target Population: Males 18 – 54 years old and females 18 – 49 years 
old

Field Periods: 
• Ghana: September 2022 – December 2022
• Kenya: May 2022- October 2022
• South Africa: June 2016 - November 2016

Sampling Strategy: Two-stage cluster sample (design weights were 
used in all analyses)

Demographics & Health Survey (DHS)
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Example Univariate Comparison



Univariate Plot
Example Univariate Comparison
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Univariate Plot
Example Univariate Comparison
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Three surveys are compared against three 
benchmark surveys



Univariate Plot
Example Univariate Comparison

07.11.2025 , Björn Rohr (Bjoern.Rohr@gesis.org) 12

Bootstrap confidence intervals are calculated with 
2000 bootstraps

Alternative: No bootstrap confidence intervals 
(nboots =0)



Univariate Plot
Example Univariate Comparison
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funct = rel_mean → Relative bias in mean is 
calculated
Alternatives: Absolute Relative bias in mean, 
(absolute) bias in mean 



Univariate Plot
Example Univariate Comparison
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To summarize the bias in each survey, Average Absolute 
Relative Bias (AARB) is calculated
Alternatives: RMSE, MSE

The confidence intervals are Bonferroni corrected.
Alternatives: No correction



Univariate Plot
Example Univariate Comparison
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The Surveys and benchmarks are relabled



Univariate Plot
Example Univariate Comparison
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Analysis accounts for sampling design (e.g., weights 
and strata)
Alternatives: No weights, different weights   
   in every benchmark.



Univariate Plot
Example Univariate Comparison
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Variable labels and colors can be customized, then 
the results are plotted



Univariate Plot
Example Univariate Comparison
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We put the results of uni_compare in the plot 
function to get a plot.



Univariate Plot
Example Univariate Comparison
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Univariate Plot

Results
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❖ Most estimates are rather unbiased

❖ Tertiary-educated participants are strongly
overrepresented

❖ The surveys are similarly biased on average.



Univariate Table
Example Univariate Comparison
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Univariate Table
Example Univariate Comparison
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ci_line = F displays confidence intervals behind the bias
ci_line = T would display them in an additional line 
beneath



07.11.2025 23

Example Bivariate Comparison



Bivariate Plot
Example Bivariate Comparison
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Bivariate Plot
Example Bivariate Comparison
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Similar inputs to the function as before.



Bivariate Plot
Example Bivariate Comparison
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1. Pearson’s r is calculated for every pair of variables in surveys 
and benchmarks.

2. They are compared against each other to evaluate the 
proportion of significantly different correlations.



Same = Pearson’s r is not significantly* different between surveys or no 
significant correlation in survey or benchmark.
Small Diff = Pearson’s r is significantly* different between survey and 
benchmark & one of them is significantly* different from 0.
Large Diff = “Small Diff” + one Pearson’s r is double the size of the other,  
or they differ in direction.

Bivariate Plot
Example Bivariate Comparison

07.11.2025 , Björn Rohr (Bjoern.Rohr@gesis.org) 27

*p< 0.05



Bivariate Plot

Results
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❖ In Ghana and Kenya, some bivariate estimates were 
biased, while in South Africa, only a few were biased.

❖ Most of the time when the estimates were
significantly different from the benchmark, they were
also strongly different from the DHS
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Example Multivariate Comparison



Example Multivariate Plot
Example Multivariate Comparison
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Example Multivariate Plot
Example Multivariate Comparison
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❖In the Plot on the right, every model is a column, and every 
square is a coefficient. 
❖The color again indicates the difference between 

benchmark and survey.



Example Multivariate Plot
Example Multivariate Comparison
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❖Models can be specified as a list of dependent and 
independent variables. 
➢A regression will be estimated with every dependent 

variable using all independent variables.



Example Multivariate Plot
Example Multivariate Comparison
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❖Models can be specified as a list of dependent and 
independent variables. 
➢A regression will be estimated with every dependent 

variable using all independent variables.



Example Multivariate Plot
Example Multivariate Comparison
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❖Models can also be specified as a list of formulas. (i.e. 
parameter formula_list)
➢A regression will be estimated for every model in the list.



Example Multivariate Plot
Example Multivariate Comparison
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❖Models can also be specified as a list of formulas. (i.e. 
parameter formula_list)
➢A regression will be estimated for every model in the list.
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Choosing the right benchmark



The right benchmark depends on what you 
want to analyze
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Total Survey Error Framework (Groves and Lyberg 2010) Reprinted from “Total Survey Error: Past, Present, and Future” by 
Author R. M. Groves & L. Lyberg, 2010, Public Opinion Quarterly, 74(5), 856. Copyright [2010] by the Oxford University 
Press. Reprinted with permission.

Selection 
Error

Nonprobability
Surveys

Probability
Surveys



The right benchmark depends on what you 
want to analyze
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Total Survey Error Framework (Groves and Lyberg 2010) Reprinted from “Total Survey Error: Past, Present, and Future” by 
Author R. M. Groves & L. Lyberg, 2010, Public Opinion Quarterly, 74(5), 856. Copyright [2010] by the Oxford University 
Press. Reprinted with permission.

If you want to analyze the overall non-
response error, the benchmark one would 
need should contain information for any 
sample member.



Analyzing specific types of nonresponse error

07.11.2025, Björn Rohr (Bjoern.Rohr@gesis.org) 39

❖ In a mixed-mode survey (e.g., the GESIS Panel), one might want to analyze the bias that would 
occur when only one mode would be available. 

❖ Who would we have lost when the survey would have only allowed for participating in the online 
mode? (Lena Rembser @GESIS is currently working on such an analysis)

❖ In such a situation, one could use the whole survey as a benchmark and compare it against the 
online respondents. 



Quality of the benchmark is very important
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❖ If available and recently conducted:
❖ Census and Microcensus

❖ Other Official Statistics

❖ Sample & Sample Frame Information

❖ High Quality Probability surveys
❖ Low nonresponse,

❖ Potentially validated against official statistics benchmarks on other available 
estimates
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Other Examples



Probability and Nonprobability Surveys
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❖ We compared 5 nonprobability surveys and 3 probability surveys against population 
benchmarks. 

❖ 3 nonprobability surveys came from the same panel. 

❖ Benchmark was the German Microcensus for demographic variables.

❖ Additionally, we used the best performing probability survey as benchmark for non-
demographics. 



Bias in Univariate Estimates of Probability and 
Nonprobability Surveys (after Raking) 
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❑Nonprobability survey 
estimates are, on average, 
more biased than estimates of 
probability surveys.

❑Variance in RMSE is far higher 
for nonprobability surveys 
than for probability surveys.



Bias in Bivariate Estimates of Probability and 
Nonprobability Surveys (after Raking) 
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❑Many bivariate estimates were 
unbiased.

❑Variance in bias is far higher 
for nonprobability surveys 
than for probability surveys.

❑Even surveys from the same 
panel vendors were very 
different in bias (NP1 vs NP2)



Bias in Piggybacking Recruitement
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Separate Recruitment Piggyback 1 Piggyback 2 Piggyback 3

Year 2013 2016 2018 2022

Piggybacked from: / GGSS/ISSP GGSS/ISSP ISSP

Sample Size 21,425 10,505 11,334 4,618

N Recruitment Survey 7,599 (35.5%) / / /

N Parent Survey / 3,490 (33.2%) 3,477 (30.7%) 1,702 (36.9%)

N Agreed to Panel 6,210 (29.0%) 2,124 (20.2%) 2,074 (18.4%) 962 (20,1%)

N Recruited 4,961 (23.2%) 1,710 (16.3%) 1,607 (14,2%) 764 (16.6%)

Note: RR1 in Parenthese

07.11.2025, Björn Rohr (Bjoern.Rohr@gesis.org)



Univariate Bias - Recruitment
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❑ Bias is rather similar between 
SR and PR A and B

❑  PR C shows higher 
differences; however, the 
benchmark had higher 
nonresponse this year due to 
the epidemic and technical 
problems.

SR = Separate 
Recruitement

PR = Piggyback
Recruitement

07.11.2025, Björn Rohr (Bjoern.Rohr@gesis.org)



GESIS – Leibniz Institute for 
the Social Sciences
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GESIS offers individual consulting and other services  in a 
number of areas – including survey design & 
methodology, data archiving, digital behavioral data & 
computational social science – and across the research 
data cycle. 

Please visit our website www.gesis.org for more detailed 
information on available services and terms.

Upcoming Meet the Experts talks: 

Meet the Experts - Expert Insights into current Research 
Topics (gesis.org)

GESIS - Services

Interested in data 
quality training, 
tools and research 
stays?  
Learn more about the KODAQS 
(Competence Center Data 
Quality in the Social Sciences) 
project and join our mailing list:

https://www.gesis.org/en/home
https://www.gesis.org/en/services
https://www.gesis.org/en/services/sharing-knowledge/meet-the-experts
https://www.gesis.org/en/services/sharing-knowledge/meet-the-experts


Thank you for
your attention!

GitHub CRAN

Contact: Bjoern.rohr@gesis.org
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